Abstract
Introduction

30
Diffuse reflectance spectroscopy is considered as a promising method for the estimation of 31 soil properties and a low cost alternative to traditional soil analysis methods because of its 32 efficiency. Furthermore, determination of soil organic matter (OM) and clay content is complex 33 and requires more chemical reagents and caution especially in salt-affected soils (Richards, 1954 ; infrared spectroscopy. They concluded that, the optimal pre-processing method for a spectral data 53 set in a calibration model is the signal transformation that gives the best regression performance 54 after rigorous and comprehensive validation for all possible variation in the data.
55
The prediction mechanisms that may be used in a spectral calibration model depend on the 56 corresponding spectral interaction of the predominant soil chromophores (Vohland et al., 2011) .
57
Therefore, selection of the calibration method and its performance in modelling reflectance 58 spectra is one of the main factors for calibration success (Mouazen et al., 2010) . Several independent and dependent variables (Friedman, 1991) Diffuse reflectance spectra of soil samples were measured using a portable spectroradiometer 
Pre-processing transformations
149
Seven types of spectra pre-processing were used , including (1) raw spectra (R), (2) Savitzky- PLSR is a popular regression method that is often applied in chemometrics, and it was 165 introduced and statistically described by Geladi and Kowalski (1986) and Wold et al. (2001) .
166
This method is frequently used to conduct quantitative spectral analyses (Viscarra Rossel and 
Support vector regression (SVR)
180 SVR is a powerful calibration model based on the kernel learning methods (Vapnik, 1999) .
181
This method utilises an implicit mapping of the input data into a high dimensional feature space 182 defined by a kernel function (Karatzoglou and Feinerer, 2010) . The epsilon-SV regression (ε- which is able to map independent data with deviation smaller or equal to the ε deviation from 185 dependent training data. Errors within the predetermined distance ε from the true value are 186 ignored, whereas errors greater than ε are penalised using parameter C (Vohland et al., 2011).
187
Consequently, SVR reduces the complexity of the training data to an optimal number of so-called 188 support vectors.
189
In this study, the models were developed using the LIB-SVR algorithm with type epsilon-SVR 
where cf is the threshold value for a predictor or knot and Xf denotes a predictor variable 
219
To measure lack of fit, avoid over-fitting, and improve prediction, the redundant basis 
Results
241
Soil data
242
The results of the descriptive statistical analyses for 70 soil samples were shown in Table 1 .
243
The OM content of the samples was low with the mean and maximum values of 0.85% and 2.3%, 244 respectively ( 
Effects of pre-processing methods on modelling
250
Results showed that the different pre-processing methods had considerable effects on the 251 performance of OM and clay content regression models (Table 2) (maximum 35%), except for five sandy samples (40-60%).
276
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Performance of PLSR, SVR, and MARS for estimating OM and clay content 279
The calibration methods considered in this study provided different prediction accuracies of 280 OM (Table 3 , Figures 3 and 4) . For the calibration data set, the best results were obtained using (Table 3) 290 (Fig. 3) 
291
Using the validation dataset, the prediction of OM content was close to the calibration results Compared to OM, clay content was determined with higher accuracy. CR transformed spectra 306 produced the best calibration models for clay estimation with PLSR, SVR, and MARS models.
307
The MARS results outperformed PLSR and SVR models, with all spectra pre-processing types,
308
and the best results were recorded with CR (R 2 = 0.9, RMSE Cal = 5.32%, RPD = 3.15; Table 4 ; 2.41), and those of the SVR were good with all spectra types and RPD ranged from 1.44 to 2.13.
311
The best result for SVR was obtained with CR (R 2 =0.78, RMSE Cal = 7.7% and RPD = 2.13; and SVR models with CR using the validation dataset were well distributed along the 1:1 line of 323 the calibration models, indicating good fit, whereas the slopes for MARS, SVR and PLSR with 324 R, FD-SG and SD-SG spectra using the validation dataset were over the 1:1 line, indicating over-325 estimation of clay content (Fig. 6) . 
312
Influence of pre-processing methods on estimation models
360
In this study, the pre-processing methods significantly affected the results of calibration 361 models (Table 2 and Fig. 2 ). For OM, CR pre-processing achieved the best performance followed deterioration of the models accuracy as compared to the PLSR model based on raw spectra.
370
SNV-DT is sensitive to the noise in the spectrum (Rinnan et al., 2009 ).
371
CR was the best pre-processing method for the PLSR, SVR, and MARS estimation models in 372 this study. CR has also been successfully used in some other studies for predicting soil properties 
Comparison of PLSR, SVR, and MARS estimation models
380
In our study, the PLSR, SVR, and MARS methods were used to compare the estimation of soil
381
OM and clay content. Generally, the accuracy of the PLSR, SVR, and MARS models is affected 382 by variations in the soil texture and moisture content (Farifteh et al., 2007) , and a successful pre- 
396
As shown in Table 3 , the PLSR model with CR pre-processing performed relatively well CR and SD-SG produced better results than the PLSR and SVR (Table 3) . However, the results
415
of SVR with FD-SG were better than the MARS and PLSR. Similarly, averaging the spectra attributed to the wide range of variation of clay content as shown in Table 1 .
441
The performance of the MARS, SVR, and PLSR models to predict soil properties is evaluated by 442 R 2 , RMSE, and RPD. Of all models, MARS showed higher performance than PLSR and SVR for 
450
The predictive models used in this study have not been tested on digital hyperspectral airborne 451 or satellite images. They will be tested using airborne or satellite imagery at a selected study site 
